Salinity is one of the most common abiotic stresses that limit the production of rice. Since salinity stress tolerance is controlled by many genes, identification of these stress responsive genes as well as to understand the underlying mechanisms is of importance from breeding point of view. In this direction, the reverse engineering of gene regulatory networks has proven to be successful. In this study, we construct the gene regulatory network using Kendall's tau correlation coefficient, in order to identify the stress responsive genes. The proposed approach was tested on a rice microarray dataset and 18 key genes were identified. Most of these key genes were found to be involved directly or indirectly in salinity stress, as evidenced from the published literature. Gene ontology analysis further confirmed the involvement of the selected genes in ion binding, oxidation-reduction and phosphorylation activities. These identified genes can be targeted for breeding salt-tolerant varieties of rice.
RICE (Oryza sativa L.) is the most important cereal crop, and is the major food source for South Asia, India in particular 1 . However, the production of rice has been increasingly affected by salinity stress present in the soil and/or water 2 . Therefore, to increase the production of rice, which can play an important role for ensuring food security, it is essential to breed high salt-tolerant varieties through molecular breeding techniques 3 . For this, it is necessary to have information regarding salinity stress responsive genes as well as their underlying mechanisms. In this regard, the reverse engineering of gene regulatory networks (GRNs; networks that represent genes as well as the interactions among them) can be used as a tool to understand the molecular mechanisms of underlying biological process of the salinity stress response in rice.
Advancement in microarray technologies has made it feasible to draw inference about the pre-existing regulatory networks of biological processes, by allowing simultaneous measurements of the expression levels of thousands of genes. The nodes of GRNs are represented by genes and the edges between nodes represent interactions among genes 4 . Analysis of the GRNs helps in understanding the interactions among the genes and to identify the target genes for the breeding of tolerant varieties. Further, the reverse engineering of GRNs explicitly represents the regulatory interaction between genes and their products, which helps researchers to understand complex regulatory mechanisms in biological systems.
Several methods have been developed for inferring GRNs from microarray gene expression profiles, which vary in terms of precision and computational complexity 5 . These methods can be broadly categorized into two types based on the type of data used, i.e. discrete or continuous 6 . For the discrete gene expression data (expressed: 1, unexpressed: 0), models like Boolean network (BN), probabilistic Boolean network (PBN), etc. have been proposed [7] [8] [9] , while for the continuous expression data, Pearson's correlation based algorithm 10, 11 , Bayesian network modelling 12 , dynamic Bayesian network modelling approach 13 , etc. have been developed for network inference. During discretization of gene expression data, there is always a chance of losing information, and hence the respective model may not provide the expected result. Further, Pearson's correlation-based approach may not detect the nonlinear relationship present among the genes. Though, Bayesian network-based methods provide higher degree of accuracy, their application in real experimental case is limited due to their computational complexity.
In the present study, we propose an approach to infer GRN on the basis of Kendall's tau correlation coefficient (KTCC). We preferred to use KTCC because it is nonparametric, captures nonlinear relationships, and involves less computational complexity. The proposed approach was applied in rice gene expression data for identifying the salinity stress responsive genes. The identified genes were further validated based on information available in the literature. Surprisingly, most of the identified genes were found to be involved directly or indirectly in salinity stress.
In this study, the rice microarray dataset GSE14403 (ref. 14) was used, collected from the Gene Expression Omnibus database (http://www.ncbi.nlm.nih.gov/GEO). The collected dataset has been generated from Affymetrix Rice Genome Array (GPL 2025 in GEO) and contains 57,381 probes, where each probe corresponds to an individual gene. Here 123 probe sets have been designed as control, and hence the remaining 57,258 valid probe sets have been used for further analysis. The raw CEL files were processed using the robust multichip average (RMA) algorithm available in the Affy package 15 , which includes background correction, quantile normalization and summarization by the median polish approach 16 . The log 2 scale data obtained after executing the RMA algorithm were then used for filtering out differentially expressed genes.
A two-stage filtering procedure was applied to identify the genes that are differentially expressed in salinity stress conditions compared to normal condition. In the first stage, t-test was employed and the genes which were found to be significant at 0.5% level of significance were retained for the next stage of filtering. The test statistic for testing the significance of the ith gene expression profile is given by 2 2 , s are the variances, n y and n x are the sample sizes under salinity stress and normal conditions respectively. In the second stage of filtering, fold change (FC) measure was computed for the genes selected in the first stage. The genes having at least 2.5-fold change in their expression levels were selected for further analysis. For the ith gene expression profile, the FC measure was computed as FC i = log 2 i ylog 2 . i x After filtering out the differentially expressed genes through two-stage filtering procedure, the regulatory relationships among them were computed using KTCC as follows.
Let (x 1 , x 2 , … , x n ) and (y 1 , y 2 , … , y n ) be the expression profiles of x and y genes respectively. Then, there are n(n -1)/2 possible distinct pairs of (x i , x j ) and (y i , y j ), and such pairs of gene expression values are said to be concordant if (x i > x j and y i > y j ) or (x i < x j and y i < y j ), and discordant (x i < x j and y i > y j ), or (x i > x j and y i < y j ). KTCC was then computed as
where C and D are the number of concordant and discordant pairs respectively. Based on the value of KTCC ( xy ), the following interpretation was made.
If  xy > 0, then gene y acts as an activator for gene x.
If  xy < 0, then gene y acts as an inhibitor for gene x.
After the computation of KTCC, weakly correlated genes were eliminated based on a certain threshold value and the remaining highly connected genes were retained for constructing the regulatory networks. Based on KTCC, the GRN was constructed using RCytoscape package 17 of R software.
Unravelling the underlying mechanism of salinity stress in rice as well as the regulatory relationships among the salinity stress responsive genes will be of help for the breeder community to develop salt-tolerant varieties of rice. To this end, the GRN plays an important role. Though there are several approaches available in the literature for inferring GRN, each has its own advantages and disadvantages. In this study, we propose an approach to infer GRN on the basis of KTCC, which avoids some of the limitations of the earlier approaches, e.g. it does not make any assumption about the probability distribution, can captures nonlinear relationships, involves less computational complexity, etc. The proposed approach was applied on rice gene expression profile as mentioned earlier.
Using complete gene expression profile, the expected differentially expressed genes were selected using a twostage filtering procedure. In the first stage t-test was used, where 2936 genes were selected with P values <0.005, which comprises 5.2% of the total number of genes. In the second stage, out of 2936 genes, 117 (0.2% of the total number of genes) with FC value 2.5 were selected. The regulatory relationships among these 117 genes were then computed using KTCC. Out of the 117 genes, the pairs with KTCC < 0.81 (50 genes) were excluded from the analysis to avoid weakly connected genes. Among the remaining 47 highly connected genes, 120 regulatory relationships were identified, which is shown graphically in Figure 1 .
From the node-degree distribution of the constructed regulatory network (Figure 1 ), 18 genes are observed to have connection degree  6 (the average node-degree distribution), and therefore these are considered as the genes participating in the hub gene interaction. Among these 18 genes, Os11g0293800, Os07g0418700, Os06g0647500, Os03g0826800, Os03g0809000, Os03g0184100, Os02g0685200, Os01g0775100, LOC_Os12g38770, LOC_Os10g39360, and LOC_Os07g12240 are found to have connection degree 10 (both in-degree and outdegree), and the rest have between 6 and 10. The genes having connection degree 10 are considered as hub genes.
After analysing the regulatory network, the regulatory relationships among the hub genes were decided based on the sign of the KTCC (Table 1) . From the table it can be seen that the gene Os03g0184100 is activated by the genes Os03g0826800, LOC_Os12g38770, Os03g0809000, LOC_Os10g39360, Os11g0293800, and LOC_Os06g36850, and inhibited by the genes Os07g0418700, Os06g0647500, Os01g0775100, and Os02g0685200. Similarly, Os07g0418700 is observed to be regulated by nine genes, namely Os06g0647500, Os01g0775100, Os02g0685200, Os03g0826800, LOC_Os12g38770, Os03g0809000, LOC_Os10g39360, Os11g0293800 and LOC_Os07g12240. More interestingly, Os11g0702400 which is not found to be activated by any other genes, seems to act as an inhibitor for genes Os07g0525100, Os07g0525100, and Os01g0826000, and an activator for Os10g0370500. Similar interpretation can be made for other genes as well. The selected genes were further validated based on information available in the literature and biological databases. Surprisingly, most of the genes were found to be involved directly or indirectly in salinity stress response mechanism in plants and other species, a brief description of which is provided in Table 2 . More specifically, the hub gene Os11g0702400 that encodes zinc finger DNAbinding protein is expected to have some role in salinity tolerance in rice 18 and Arabidospis 19 . Further, the genes LOC_Os10g39360 and Os01g0868600, which are members of eukaryotic aspartyl protease family protein, are found to be involved in response to salt stress in Arabidospis 20 . The gene Os10g0539300 that encodes aspartic proteinase nepenthesin-2 is expected to be linked to salinity stress tolerance in Arabidospis 21 , rice 22 and Poa annua 23 . Also, the gene Os01g0826000, which represents heavy metal-associated domain containing protein in halophytic plant Atriplex canescens, confers tolerance to iron and other abiotic stresses 24 . To be more confident, the selected genes were further subjected to Gene Ontology (GO) enrichment analysis. This was performed using the Database for Annotation, Visualization and Integrated Discovery (DAVID) 25 , which is a biological knowledge base and analytic tool aimed at systematically extracting biological meaning from gene lists. Table 3 provides results of GO analysis. From the table it can be seen that the chosen genes are over-represented in the categories of cation binding, and ion binding, metal ion binding, iron ion binding, transition metal ion binding, all of which may be active due to the high concentration of ionic salts in soil and water. The behaviour of the genes in electron carrier activity may be related to cell membrane disruption due to high concentration of salt ions, thereby inhibiting the activities of membrane associated electron carriers and enzymes 26, 27 . Further, they may be involved in transporting the ions outside the cell to maintain proper pH in the cell. In biological processes, the selected genes are represented in two categories, i.e. reduction-oxidation (redox) and phosphorylation. The behaviour of these genes in redox activities may be related to electron transport in chemical reaction that ensures the balance of charges during ion transport 22 . It may also be linked to the generation reactive oxygen species that are produced in response to oxidative stress due to water deficit during salinity stress, which is lethal and can cause cell death 28 . The role of some genes in phosphorylation activity for salt stress condition is detected in GO analysis that supplements the recent report on the active role of phosphorylation activity in salinity stress 22 . It has been reported that biological processes like phosphorylation activity have a key role in ion homeostasis under salinity stress in Arabidopsis 29 . The complex gene-gene interactions underlying the salinity response mechanism may be due to perturbations in the GRNs. Therefore, identification of salinity-responsive Table 1 . Interaction between genes involved in salinity stress response in Oryza sativa
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Os11g0293800, LOC_Os07g12240 + Os02g0685200 -+, represents the activation; -, represents the inhibition. hub genes and their regulators in GRN is a step forward for developing salinity-tolerant varieties in rice. A directed regulatory network like GRN is a legitimate way of representing gene-gene interactions responsible for such mechanism and also facilitating the activatory and inhibitory relationship between gene pairs. Here we present a simple approach to infer GRN based on KTCC, this has been applied to rice gene expression profile to extract the salinity stress responsive genes in rice. Based on the proposed approach, 18 hub genes have been identified and are expected to have some role in salinity response mechanism in rice, as evidenced from the available literature and GO analysis. The regulatory interactions between gene pairs in case of salinity stress condition in rice are not freely available in databases and the literature, which limits the realistic validation of these interactions. The utility and validity of the results obtained in this study further need wet-lab experimental validation. The breeder can target these genes (validated genes) to develop salt stress-tolerant varieties of rice.
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